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Abstract: Termite mounds are found over vast areas in northern Australia, delivering essential
ecosystem services, such as enhancing nutrient cycling and promoting biodiversity. Currently, the
detection of termite mounds over large areas requires airborne laser scanning (ALS) or high-resolution
satellite data, which lack precise information on termite mound shape and size. For detailed structural
measurements, we generally rely on time-consuming field assessments that can only cover a limited
area. In this study, we explore if unmanned aerial vehicle (UAV)-based observations can serve as
a precise and scalable tool for termite mound detection and morphological characterisation. We
collected a unique data set of terrestrial laser scanning (TLS) and UAV laser scanning (UAV-LS)
point clouds of a woodland savanna site in Litchfield National Park (Australia). We developed an
algorithm that uses several empirical parameters for the semi-automated detection of termite mounds
from UAV-LS and used the TLS data set (1 ha) for benchmarking. We detected 81% and 72% of the
termite mounds in the high resolution (1800 points m−2) and low resolution (680 points m−2) UAV-LS
data, respectively, resulting in an average detection of eight mounds per hectare. Additionally, we
successfully extracted information about mound height and volume from the UAV-LS data. The high
resolution data set resulted in more accurate estimates; however, there is a trade-off between area
and detectability when choosing the required resolution for termite mound detection Our results
indicate that UAV-LS data can be rapidly acquired and used to monitor and map termite mounds over
relatively large areas with higher spatial detail compared to airborne and spaceborne remote sensing.
Keywords: termite mounds; LiDAR; UAV; UAV-LS; remote sensing
1. Introduction
Tropical savannas cover over 12.5% of global land area [1]. In the northern parts of
Australia, the tropical savanna landscape is characterised by a large number of termite
mounds. Termites interact with local site conditions and provide valuable ecosystem
services: their mounds are hypothesized to increase resilience to climate change [2]; they
are considered to play a meaningful role in savanna restoration [3]; and they are fairly
resistant to land use change [4]. Mound building termites recycle nutrients and decompose
organic matter [5], which generally leads to the higher local fertility of the soil [6]. Termite
mounds also affect infiltration and runoff directly by increasing the local soil hydraulic
conductivity and are even considered as an indicator for groundwater presence [7]. Both the
increase in hydraulic conductivity and the altered soil properties lead to a shift in plant and
tree species composition [6,8]. This results in a heterogeneous landscape with small fertility
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islands, which improves biodiversity, facilitates browsing and grazing by animals [9] and
increases robustness against a changing climate [2]. Termite mounds are also responsible
for approximately 4% of the total global methane flux [10,11], and its emissions are related
to termite mound volume [12]. In addition, a complex interaction occurs between the
microtopography and hillslope hydrogeomorphology in savanna landscapes [13]. The
termite mound distribution has been shown to be a suitable proxy for hydrogeomorphic
processes since it is affected by mean annual precipitation, geology and local hillslope
morphology [14]. These three factors have historically shaped the distribution of clays, an
important element in mound building. Levick et al. (2010) [13] suggested that a changing
climate will affect the hydrogeomorphic dynamics, and these patterns may emerge in the
termite mound distribution signal. With the global increase of wildfires in mind, there is
also a lack of research towards the interaction between fire and termite mounds [15].
Termites are true ecosystem engineers [16], and as such, the collection of large data
sets that enable the detection, mapping and monitoring of these mounds is of great value
for managing the landscape under changing climate and land use. However, large data sets
of the spatial distribution of termite mounds are still rare, especially in savanna woodlands.
Existing data sets are based on sparse aerial laser scanning (ALS) data or high resolution
satellite data. Both lack detailed 3D information, which is useful to reliably detect termite
mounds in savannas with a dense understory. In addition, more detailed data sets that
are manually collected are often constrained by limited spatial coverage, e.g., [14,17,18].
Unmanned aerial vehicles (UAVs), equipped with laser scanning technology, could close
this gap, because UAVs are able to collect highly detailed 3D information from large areas.
Moreover, the flexibility and limited regulation of UAVs compared to aerial acquisitions
from aeroplanes makes them very attractive to use. Because the use of UAVs for remote
sensing is a relatively new advancement, it nevertheless comes with its challenges, espe-
cially concerning data management, which often lacks standardized protocols [19]. Other
current limitations of UAVs are the limited battery life and the limited carry-on weight.
Laser scanning, also known as light detection and ranging (LiDAR), is one of the most
widely adopted techniques to capture the Earth’s surface in 3D. LiDAR is an active remote
sensing technique in which 3D point clouds are generated by emitting laser beams to inter-
act with the object of interest. By measuring the time of return, the distance between the
object and the transmitter is calculated. Laser scanning can be conducted from a variety of
platforms, including aeroplanes and UAVs, or from ground positions. The captured point
density and the level of occlusion both limit the quality and detail of the recorded area, and
these factors often need to be traded off when considering UAV or ground-based LiDAR
collection. UAV-laser scanning (UAV-LS) has already been shown to be successful in many
fields of ecology. Due to its relatively uniform ground coverage, high point density and its
ability to penetrate through vegetation, it is currently successfully used to estimate, e.g.,
riverscape topography [20], shoreline changes [21] and forest structural metrics [22–24].
The aim of this study is to develop and assess a methodology to identify termite
mounds in a woodland savanna ecosystem, using 3D point clouds from a UAV-LS. Specif-
ically, we investigate whether: (1) termite mounds are detectable from a UAV-LS in a
savanna woodland landscape with understorey vegetation and (2) whether UAV-LS point
clouds can be used to accurately measure 3D termite mound information (e.g., height and
volume).
2. Materials and Methods
2.1. Study Approach
We used terrestrial laser scanning (TLS) to collect a benchmark data set of 1 ha and
conducted two UAV flights with a LiDAR scanner and camera over a larger area in which
the benchmarking area is located. The flights were carried out with a different flight speed,
resulting in a different point density. Based on these data, we developed an algorithm
for the semi-automated detection of termite mounds from the UAV-LS and examined the
quality of termite mound detection using the benchmarking TLS data set. Furthermore, we
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investigated the effect of flight speed, which alters the point cloud resolution and influences
detectability. We also identified mounds that grow around or close to trees. In addition, we
used our detection algorithm to perform upscaling to a larger area captured by the UAV
(which is 34 ha for the flight with the highest speed). Lastly, we explored whether and how
accurately information such as termite mound height and volume could be derived from
the UAV-LS data.
2.2. Study Area
The study site is the Litchfield Savanna SuperSite (LSS), located in Litchfield National
Park, NT (Australia) [25]. The site is a tropical savanna woodland with an average temper-
ature of 32 ◦C and a maximum tree height of around 25 m (Figure 1). The site is frequently
burned by wildfires and has a dry tropical climate, with a wet season from December
to March.
Figure 1. UAV-LS (low resolution) point cloud, indicating the boundaries of all data types. The
colour code represents the height above terrain. The maximum tree height is approximatively 25 m,
and the open canopy allows a substantial understorey.
2.3. Data Collection
We collected unique point cloud data sets at the study site comprised of one TLS and
two UAV-LS (two resolutions) surveys (Table 1). We used TLS to create a benchmark data
set to test our algorithms. The TLS data were collected with a Leica BLK360 scanner, which
is a discrete single return scanner [26,27] operating at 830 nm with a beam divergence of
0.4 mrad. The one hectare plot was scanned following a grid pattern of 20 × 20 m, which
resulted in 36 scan positions. The data set was within two weeks of a wildfire, resulting in
minimal understorey occlusion. The UAV data sets (Figure 1) were collected with a RIEGL
RiCOPTER equipped with a VUX-1UAV scanner (RIEGL Laser Measurement Systems
GmbH, Horn, Austria, Figure 2). The UAV-LS data were acquired with a VUX-SYS scanner,
operating at 1550 nm with a beam divergence of 0.5 mrad. The RIEGL VUX-SYS consists
of the RIEGL VUX1-UAV laser scanner combined with an Applanix APX-20 IMU, which
including the control box and wiring weighs approximately 7 kg. The RIEGL RiCOPTER
eventually had a take-off weight of a 24.9 kg. The maximum flight time is 20 min, but due
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to the required in-flight dynamic alignment of the IMU, the effective mapping time was
reduced to 15 min. Two flights were conducted. For flight planning, the UGCS-ground
station software was used; however, during Flight 1, the autopilot failed, and the flight
was continued manually. This resulted in a random pattern of crossing flight lines at an
approximate speed of 3 m/s for Flight 1. With Flight 2, a larger area was covered, first
following the outlines of a 500 × 500 m area and next crossing the study area 11 times with
a flight speed of 5 m/s. The recorded flight lines are included in Appendix A, Figure A1.
Flight 1 eventually covered an area of 98,000 m2 with an average point density of 1800
pts/m2, while Flight 2 covered 340,000 m2 and resulted in a point density of 680 pts/m2.
Both flights were conducted at a height of 55 m above ground level. We will refer to
LiDAR data from Flight 1 and Flight 2 as UAV-LS high resolution (HR) or low resolution
(LR) data, respectively. The UAV-LS processing followed procedures as described by [24].
The collected raw data were processed using RiPROCESS, the VUX-1UAV accompanying
software package. Initial trajectory estimation was based on post-processed kinematic
(PPK) processing tools, using a local base station. This was further processed into global
coordinates together with the systems GNSS data within POSPac Mobile Mapping Suite
v8.3 (Applanix Corporation, Richmond Hill, ON, Canada).
Table 1. Specifications of the three data sets.
Type TLS UAV-LS F1 (HR) UAV-LS F2 (LR)
Scanner/camera Leica BLK360 VUX-SYS VUX-SYS
Wavelength (nm) 830 1550 1550
Beam divergence
(mrad) 0.4 0.5 0.5
Scanning pattern 20 × 20 m random outline + 11 crosses
Point density
(pts/m2) ∼2200 ∼1800 ∼680
Flying speed (m/s) NA 3 5
Area (ha) 1 ∼9.8 ∼34
Figure 2. RIEGL RiCOPTER with VUX-1UAV.
2.4. Termite Mound Detection
2.4.1. TLS Manual Detection
Termite mounds were manually identified from the TLS benchmark data set using
CloudCompare [28], an open source 3D point cloud and mesh processing software. We
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labelled all points that were part of termite mounds, to ensure we had a clear-cut point
cloud of the mounds for benchmarking. If a termite mound was attached to a stem, we
manually labelled and segmented these stems as well.
2.4.2. UAV-LS Detection Algorithm
We developed a new algorithm to semi-automatically extract mounds from the UAV-
LS data. Our methodology is outlined in Figure 3, and the user-adjustable parameters are
listed in Table 2.
Figure 3. Overview of the main steps to extract termite mounds from UAV-LS data. CSF, cloth simulation filter.
Table 2. Overview of the user-adjustable parameters of the termite mound detection algorithm.
Step (Figure 3) Parameters
1: Manually filter noise below ground -
2: Cloth Simulation Filter scene: steep slope, cloth resolution: 1.0, max.iterations: 500, classification threshold: 1
3: Select low points k: 30 NN
4: Normal calculation radius: 0.75 m
5a: Label locations (filter on dip
degree)
dip degree: 7◦–87◦; if <50 NN within 1 m,
point is discarded
5b: Label locations (optimize centre) distance <0.75 m; RMSE < 1
7: Normal calculation radius: 0.30 m
8: Filter stems
all clusters of which >77% of points (above
15 cm ground surface) having a dip degree
>77◦ are discarded
Filtering
First, we removed noise occurring below the ground surface. The point cloud was then
downsampled to limit memory usage and improve the time efficiency of the subsequent
steps. The overall density was reduced first by Poisson sampling [29,30] using PDAL [31]
filters.sample (radius: 0.02 m). This filter uses a “dart throwing” principle. All points were
first assumed to be kept, and as the filter iterated through the points, all points within a
preset radius of the iterated point were discarded. Eventually, only one point was kept
within the preset radius. We further filtered the point cloud using the cloth simulation
filter (CSF) [32]. This filter subdivided the point cloud into ground and non-ground points.
This filter is based on the physical gravitational effect of draping a cloth on a sticky surface,
which in this case was the inverted point cloud. For the algorithm to label termite mounds
as ground points, settings were set loosely to ensure that mounds were included (scene:
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steep slope, cloth resolution: 1.0, max iterations: 500, classification threshold: 1). Eventually,
the remaining points consisted of ground, termite mounds and some incorrectly classified
shrubs. The next step was to filter out these erroneous shrubs and improve the delineation
of the ground surface. Points were therefore projected onto the X-Y plane, and the k nearest
neighbours were calculated for each point. Based on the Z value of the neighbours, only the
lowest point of each set of neighbours was kept, and duplicates were removed. The number
of nearest neighbours used depended on the density of the point cloud. After calculating
the ground surface for multiple k values (ranging from 10 to 50), k = 30 was found to be
appropriate for both point clouds (point densities: 680 pts/m2 (LR) and 1800 pts/m2 (HR)).
Too high a value smooths the ground surface, and mounds will not be detectable, and if k
is too low, points from shrubs will be included.
Termite Mound Locations
Following the data reduction and filtering, all the potential termite mound locations
could be mapped. Points that were likely part of termite mounds were first identified,
then clustered into separate “candidate termite mounds”, after which each cluster was
individually examined and discarded if it did not meet our set of conditions. For each point,
normals were calculated in CloudCompare using a radius of 0.75 m. This radius was the
most fitting to distinguish the mounds visually. The dip degree and dip direction were then
derived from this value. These terms originate from geology and represent the slope and
its direction compared to the North. The dip degree is a good indicator of sloping terrain,
which is a geometric feature of termite mounds. As a threshold value, points between 7 and
86 degrees were empirically extracted (Figure 4). For this particular type of termite mound,
these values were the best fit. The next step was then to cluster the remaining points into
separate groups, in which each group represented a termite mound. Before we did this,
isolated points were removed by discarding all points that had less than 50 neighbours
within a two meter radius. This value was again empirically defined and depended on the
resolution of the data. Data were then clustered using agglomerative clustering. This is
a hierarchical clustering method and is one of many existing algorithms that is currently
able to successfully cluster point clouds. Because the tops of termite mounds are generally
flat, points that were discarded when we filtered on dip degree, but fell inside the cluster,
were re-added. After the data were clustered, each cluster was individually examined for
quality control. Since termite mounds are not the only features displaying a slope, but also,
e.g., fallen trees, extra conditions were needed to discard clusters that were not mounds.
First, we wanted to examine whether the points were evenly distributed around the cluster
centre, with a descending slope. For this, information about the dip direction was used. If
we consider termite mounds to be conical, we can assume that the value of the dip direction
of a point corresponds with the angle calculated between two vectors in the xy plane. The
first vector starts from the top of the termite mound towards the north, while the latter
starts from the top of the termite mound towards the point in question. The angle was then
determined counter-clockwise. Using a least squares method, the location of the centre of
the cone could be determined (Figure 5). If this position differed too much from the mean
position of the cluster, or if the root mean squared error (RMSE) was too high, the cluster
was discarded. As threshold values, 0.75 meter and 1 RMSE were empirically derived.
Apart from termite mounds, stems can also meet the preset conditions. To remove them,
more information was needed than only the lowest points. For the remaining clusters,
all points that were kept using the CSF were added again to the clusters. The remaining
clusters were then saved and loaded into CloudCompare, for a more precise calculation
of normals (radius: 0.30 cm). Since stems are generally more steep than mounds, it was
possible to successfully filter them out. Empirically, all clusters that had >77% of the points
(above 15 cm ground surface) steeper than 77◦ were discarded.
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Figure 4. A termite mound in the UAV-LS (HR) point cloud. Points are first filtered based on dip
degree; if this value falls outside the interval [7°, 86°], points are rejected. Then, data are clustered,
and only point clusters that have more than 50 points are considered. The white points are the
rejected points.
Figure 5. The dip direction represents the direction of the slope. Since the termite mounds have a conical shape, this value
should alter from 0 to 360 degrees around the centre of the mound. If the optimized centre is located > 0.75 m from the mean
position of the cluster or if the RMSE of optimization > 1, the cluster is rejected. The grey lines are contour lines (height). In
this figure, the approved cluster is a termite mound, while the rejected cluster is a fallen tree trunk. Taken from the UAV-LS
(HR) data set.
Termite Mounds Near Trees
For the UAV-LS data, subsequent steps were used to identify mounds that grow
attached to or closely around tree trunks:
1. calculate height above ground (e.g., the LASheight function of LAStools).
2. take a slice 2–3 m above the ground level.
3. calculate normals and their zenith angles (radius: 0.30 cm).
4. cluster data with “density-based spatial clustering of applications with noise” (DB-
SCAN) (python package: sklearn).
5. filter on the zenith angle: if a point has a value >70 degrees, it is labelled; iff >77% of
the points are labelled, the cluster is classified as a tree trunk.
6. if a trunk is within 1.5 m of the centre of the mound, it is identified as such.
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Note that this method neglects small trees, of which the crown is within the 2–3 m
interval, or trees with lateral branches at this height. As an alternative, the treeseg [33]
algorithm could be used. This algorithm uses random consensus model fitting (RANSAC)
to detect tree stems, using a cylinder as a geometric primitive. This algorithm is however
specifically designed for the extraction of individual trees from TLS.
2.5. Termite Mound Dimensions
From the results of our detection algorithm, additional information can be extracted.
The high point density of the UAV-LS data set allowed us to extract structural features such
as height and volume. To analyse the accuracy, we again compared our results with the
benchmark TLS data set and compared the HR and LR data set. Note that these calculations
are based on the results of the algorithm. If the termite mounds were manually identified,
as with the TLS data set, a higher accuracy could be expected. We did not do this because
manual extractions from large areas are extremely labour intensive and not feasible in
practice.
2.5.1. Height and Volume Extraction (TLS)
Because the termite mounds were extracted from the benchmark data set with utmost
care, we could define mound height as the difference between the lowest and highest z
value of the mounds. The volume of the mounds in the benchmark data set was determined
by rasterizing the mounds (grid size: 2 cm) with the average z value of the points per
grid cell as the raster value. The volume can then be calculated as the sum of each cuboid
volume. The cuboid was vertically confined by the raster value and the lowest point of the
termite mound.
2.5.2. Height Extraction (UAV-LS)
To extract height from the UAV-LS data, two methods were evaluated. For the first
method, the “Gaussian approach”, the identified termite mounds are approximated by a
Gaussian distribution (Equation (1)):









with zest the calculated z value of a point and x, y and z its coordinates. a represents the
amplitude of the function, (x0, y0) the centre and sx, sy the spread of the function in the
x and y direction. z0 represents the distance between z = 0 and the ground level. The
parameters a, x0, y0, sx, sy and z0 were optimised by minimising the squared distances




(zi,est − zi)2 (2)
From this information, termite mound height can be approximated by the amplitude, a.
Alternatively, mound height can be estimated by a “grid approach” using the tool
“rasterize” in CloudCompare (Figure 6). To estimate the height, the point cloud is rasterized
(grid: 10 and 20 cm for UAV-LS (HR) and UAV-LS (LR)) using the z value of the lowest
point in each grid cell, after which the height difference is calculated between the highest
and lowest raster value. If a grid cell has no points, the adjacent cells are interpolated.
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Figure 6. To estimate termite mound height, a large grid size was used to avoid the influence from
outliers (left). To calculate volume, a smaller grid size was used. Since the volume was calculated as
the sum of many small cuboids, possible outliers had less influence (right).
2.5.3. Volume Extraction (UAV-LS)
Because we wanted to use the most precise mound shape possible to calculate the
volume, we used a “grid approach”. We therefore used, as with the TLS benchmark data set,
a grid size of 2 cm to rasterize the termite mounds. Note that the grid size was significantly
lower than for the height calculation, because we wanted to capture termite mound shape
precisely. For the height calculation, a larger grid size was used to avoid the influence from
outliers. Since the volume was calculated as the sum of many small cuboids, outliers had
less influence. As for the TLS benchmark data set, the average z value of the points per
grid cell was set as the raster value, and the volume was calculated as the sum of each
cuboid volume. However, we vertically confined the cuboid in a different manner. For the
TLS data set, the cuboid was vertically confined by the raster value and the lowest point.
For the UAV-LS data, we confined the cuboids by the raster value and the mean of the 20
lowest points of the termite mound plus an optimized value n (Figure 7). The extra value
n was added to prevent overestimations of termite mound volume and included points
that were part of the ground surface. This value was optimized by minimizing the least
squared error between the calculated volume of the UAV-LS mounds and the benchmark
data set. We chose the mean value of 20 lowest points instead of the value of the lowest
point to prevent the influence of an outlier, if present.
Figure 7. Rasterized point cloud for volume calculation (UAV-LS (HR)). The cuboids that are used to
estimate the volume are confined by the top line and the termite mound. The bottom line represents
the average height of the lowest 20 points. The value of n was optimized to prevent over- or
under-estimations of termite mound volume.
2.5.4. Accuracy Dimensions
The accuracy of the height and volume calculations were evaluated using a linear
regression between the attained values from the UAV-LS data and the benchmark data set.
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Its 95% confidence and prediction intervals were calculated (Equations (3) and (4)). The
confidence interval states that with 95% chance, the true linear regression line falls inside
the interval, while the prediction interval says that with 95% chance, a future value falls
within the interval.






pi = ŷh ± t(α/2,n−2)
√




with ci the confidence interval, pi the prediction interval, ŷh the predicted value, xh the
predictor, t(α/2,n−2) the t-multiplier (α = 0.95), MSE the mean squared error, n the amount
of samples and µx the mean value of x.





y + (µx − µy)2
(5)
with µx and µy the means and σx and σy the variances of the two variables.
In contrast with the spatial pattern analysis, we used all mounds in the valida-
tion set, including certain mounds that were visible in the TLS data outside the 1 ha
benchmarking area.
3. Results
3.1. Termite Mound Detection
3.1.1. Benchmarking
We manually identified 46 termite mounds in the TLS benchmark data set (Figures 8 and 9).
The height of half of the mounds was below 30 cm, and eleven were taller than 50 cm
(Figure 9). Most mounds had a regular, conical shape. Five of the mounds greater than
50 cm were attached to a stem, and very steep mounds were in the minority (Figure 9).
Using our algorithm for the UAV-LS (HR), nine out of 11 mounds higher than 50 cm were
identified (81%). The two undetected mounds were both attached to a tree and therefore
easily mistaken for trunks (Nos. 1 and 9, Figure 9). There were two false positives. The
UAV-LS (LR) likewise failed to detect the two mounds that resembled tree trunks, but it
also failed to detect Mound No. 10 (Figure 9). This mound had a regular shape, but was
just 50 cm tall. UAV-LS (LR) could thus identify eight out of 11 mounds (72%), but there
were no false positives.
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Figure 8. Locations of the mounds derived from the 1 ha benchmark data set. + (plus) means the
mound is detected; − (minus) means it is not detected by the UAV-LS detection algorithm. The grey
mounds are small mounds <50 cm that could only be detected in the benchmark data set.
Figure 9. A visualisation of all detected termite mounds in the 1 ha benchmark data set that could
be manually identified, ordered according to their height. The Y-axis represents the height above
terrain, while the X-axis represents the front view of the mounds. The axes are equally scaled. Our
focus is termite mounds >0.5 m height.
3.1.2. Data Quality
Figure 10 visually demonstrates the difference in the point composition for the three
data sets. The TLS data show an extremely detailed point cloud. As expected, the point
density significantly decreases with resolution. Nevertheless, the shape of the termite
mounds is preserved, even in the data set with the lowest resolution.
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Figure 10. One termite mound, three different methods of acquisition. The point clouds consist
of respectively 21,907, 5553 and 1107 points. All methods are able to adequately record termite
mound shape.
3.1.3. Upscaling
Using our algorithm, seventy-nine mounds were semi-automatically detected in the
9.8 ha UAV-LS (HR) data. Of the 79 mounds, 38% were in close proximity of a tree
stem. 322 mounds were semi-automatically identified in the 34 ha UAV-LS (LR) data.
Approximately 44% of the mounds were in close proximity to tree stems. When comparing
the HR and LR data (9.8 ha overlap), sixty-nine mounds were found in both sets. Ten
mounds were identified in HR that were not identified in LR, of which eight were positively
identified as mounds after visual inspection of the point cloud and two were false positives.
These two are incorrectly identified stems. Three mounds were found in LR that were not
found in HR. All three were visually confirmed. The perceived mound density decreased
with decreasing resolution and was on average eight mounds/ha (Table 3). Note that
these numbers still have an uncertainty factor associated with them since we lack an
extensive validation data set that covers the entire research area. The algorithm needed
approximately 21 min (HR) and 25 min (LR), using an Intel(R) Xeon(R) E-2276M CPU
@2.80 GHz with 32 GB RAM installed.
Table 3. Detected termite mounds per hectare (>50 cm) using our detection algorithm for the UAV-LS
data sets. * mounds detected in the benchmarking area.
Mound Density Mounds Detected Area MoundsDetected *
TLS 11 mounds/ha 11 mounds 1 ha 11 mounds
UAV-LS (HR) 8 mounds/ha 79 mounds 9.8 ha 9 mounds
UAV-LS (LR) 6.9 mounds/ha 322 mounds 34 ha 8 mounds
3.2. Termite Mound Dimensions
3.2.1. Height Extraction
We performed linear regressions between termite mound height from the TLS data
set and the estimated height from the UAV-LS data sets and calculated the CCC. For two
mounds, the Gaussian fit failed to adequately embody the mounds (termite mound height
was estimated > 20 m), and these two outliers were not included in the linear regression.
Approximating termite mounds with a Gaussian distribution slightly underestimated
termite mound height, and in particular the smaller mounds (Figure 11: the 1:1 line
is located above the confidence interval for mounds < 80 cm). This effect was more
pronounced in the lower resolution data set. The CCC between the UAV data set and the
benchmark data set was similar for both the HR and LR data sets (0.86, 0.84). The CCC
between both UAV sets was 0.6 (Table 4). If the height was calculated by rasterizing the
data with a grid size of respectively 10 and 20 cm for the HR and LR set, the quality of fit
noticeably decreased with lower resolution (Figure 11, Table 5). Both the CCC values and
R2 dropped significantly (respectively from 0.93 to 0.76 and 0.86 to 0.6).
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Table 4. Linear regressions and CCC of the height estimations using the Gaussian approach. For the top 2 rows, the
benchmark data set is used as validation.
R2 p Value CCC Scale Shift Location Shift (m) Bias Correction
UAV-LS (HR) 0.86 6.5 × 10−10 0.87 1.24 −0.30 0.93
UAV-LS (LR) 0.84 8.2 × 10−8 0.83 1.43 −0.26 0.91
UAV-LS (HR vs. LR) 0.60 1.637 × 10−14 0.77 1.04 −0.01 1.00
Table 5. Linear regressions and CCC of the height estimations using the grid approach. For the top 2 rows, the benchmark
data set is used as validation.
R2 p Value CCC Scale Shift Location Shift (m) Bias Correction
UAV-LS (HR) 0.86 8 × 10−9 0.93 1.02 0.07 1.00
UAV-LS (LR) 0.60 1.50 × 10−4 0.76 1.08 −0.18 0.98
UAV-LS (HR vs. LR) 0.59 3.836 × 10−14 0.70 1.10 −0.41 0.92
Figure 11. Scatter plot with linear regressions of the height estimations, validated using the benchmark data set. The top
three plots show results from the Gaussian approach and the bottom three from the grid approach.
3.2.2. Volume Extraction
To avoid overestimation of the height of the cuboids that we used to calculate the
volume, we first optimized the height at which the bottom of the cuboids should be
confined (the value of n; Figure 7). For the HR data, n = 12.7 cm, and for the LR data,
n = 23.1 cm. The estimated mound volumes ranged between 0.05 m3 and 0.7 m3. As
noted with the height estimations using the grid approach, quality declined with resolution
(Table 6, Figure 12). R2 dropped significantly (from 0.78 to 0.66), as did the CCC (from
0.88 to 0.78). We remark that when HR and LR were compared, a bias was noted: higher
volumes were estimated based on the LR data set.
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Table 6. Linear regressions and CCC of the volume estimations. For the top 2 rows, the benchmark data set is used
as validation.
R2 p Value CCC Scale Shift Location Shift (m) Bias Correction
UAV-LS (HR) 0.78 5.42 × 10−7 0.88 0.95 0.02 1.00
UAV-LS (LR) 0.66 4.56 × 10−5 0.78 1.18 −0.25 0.96
UAV-LS (HR vs. LR) 0.63 8.88 × 10−16 0.53 1.50 0.92 0.66
Figure 12. Linear regressions of termite mound volume (raster: 2 cm) for the benchmark data set and the UAV-LS data sets.
4. Discussion
We present a termite mound detection and morphological characterisation algorithm
for UAV-LS point clouds that labels termite mounds (>50 cm) semi-automatically. This is
an important step forward if many termite mounds need to be detected over large areas.
A couple of smaller mounds were also detected, but since none of these were present in
our benchmark data set extent, their rate of detection was hard to estimate in the UAV-
LS data set. After a visual inspection, even smaller termite mounds were still visible in
the UAV-LS data, which suggests there is still room to improve the detection rate from
UAV-LS. The flight speed and its resulting point density had a significant impact on the
detection rate. The UAV-LS (HR) performed slightly better in mound detection, since
certain mounds could not be identified in the LR data set due to local low point densities.
An improved flight plan that focuses on a homogeneous distribution of point density
might close these gaps, but it will be a trade-off for area. Other detection uncertainties
include the misidentification of stems, or the lack of detection when mounds are built
almost symmetrically around trees with tapering stems. We cannot expect this nuance to
be visible in the UAV-LS data.
In the first part of the detection algorithm, we created our own ground filtering
algorithm, since established algorithms (e.g., the ground filtering algorithm of LAStools,
called “LASground”) did not retain the top part of termite mounds. These algorithms
also form the basis for digital terrain models (DTMs) and digital surface models (DSMs),
which is why we did not use these techniques. The ground filtering that we proposed is
rather “conservative” in a way that only the lowest points are kept in a search window of
30 NN in the XY plane. This is a very simple and fast method, which is preferential for
large data sets, since the data are heavily reduced. The points are subsequently selected as
potential mounds only when a clear slope is present in the data. Our approach achieved
good results, which we also credited to the multiple return capabilities of the VUX LiDAR
sensor. One beam can receive multiple return signals and partially penetrate through soft
material such as leaves, which enables it to delineate the ground floor and its mounds with
very high precision.
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Our detection algorithm was tested on the geometric position of the points and
depended on several empirically defined parameters. The algorithm was designed for the
type of termite mounds that have a conical shape. However, many of these parameters can
be optimised for other geometric termite mound shapes, or could be optimized to work on
UAV-LS data with a different point density. Those parameters are the amount of nearest
neighbours (NN) used to extract ground points, the thresholds used to identify mounds
using the normal calculations and those that determine which clusters are classified as
mounds as opposed to tree stems. Not all these parameters will need to be changed if a
different data set is used, but if needed, they are easily adjustable. We thus advise users to
first run the algorithm on a small subset of the data using the predefined parameters, to
visually check the subsequent steps, and if needed, to alter the parameters. Once these are
defined, the algorithm can detect termite mounds with no manual intervention.
Based on the delineated termite mounds that we derived from the detection algorithm,
we were also able to estimate both termite mound height and its volume. Unfortunately, no
traditional ground truth data are available, but since TLS is a commonly used method to
estimate the volume of (tree) point clouds, with good results, e.g., [34,35], we are confident
volume errors are in the same, small, error range. For both the Gaussian approach, in which
termite mounds are approximated by fitting a Gaussian distribution to the points, and the
grid approach, in which the height is derived from a rasterized point cloud, height esti-
mations were better than volume calculations. For HR data, the grid approach performed
only slightly better than the Gaussian approach, but once the resolution lowered, it was
outperformed by the Gaussian approach. However, not all mounds were appropriately
fitted by the Gaussian approach, and a manual inspection to remove outliers was needed.
As with height, the quality of fit for the volume estimations significantly lowered with
resolution. We are confident that both volume and height estimations can still be improved,
if termite mounds are better delineated in the data. Currently, the estimations are affected
by adjacent points, not part of the mound. For termite mounds that grew around stems
for example, some of its points were included in the calculations. In both the HR and LR
data sets, this resulted in over- and under-estimations, and it influenced the optimized
parameters. Alternatively, in future research, termite shape might be approximated using
other 3D techniques such as convex hulls.
Even when resolution is low and flight lines are sparse, the acquired resolution with
the UAV is, obviously, much higher compared to ALS data. For example, the termite data
sets of Kruger National Park on which many studies about termite mound distributions
are based [8,13,14] was derived from ALS data with a coverage of one laser shot/m2 [36].
Macrotermes mounds are large features (up to 10 m wide and 3 m) and therefore more
readily detectable. However, while smaller mounds (>50 cm) were still detected, it is
uncertain how many were missed, and field validation for small mounds is rare [37]. These
ALS point densities are in stark contrast with the UAV-LS data, which still obtained an
average return of 680 points/m2 in the LR data (multiple return scanner). One major
limitation of UAVs currently is the limited battery life. the RIEGL RiCOPTER can only
effectively map for 15 min with each flight. Especially in remote areas where charging
possibilities are limited, this is something to take into consideration. If batteries improve
over the coming years, flight time will increase, and data collection will be more time
efficient. Another downside is the price tag: commercial state-of-the-art LiDAR scanners
remain expensive. Another, less expensive, method to record the 3D surface is structure
from motion (SfM). This is a technique in which 2D images are used to create 3D point
clouds. Depending on the user’s needs and the site characteristics, SfM can be an adequate
alternative for LiDAR, e.g., [22,38,39]. This is however not always the case: in dense
forests, for example, SfM cannot sufficiently capture the ground due to high occlusion [22].
Its applicability for termite mound detection in a savanna woodland landscape with an
understorey is thus a scope for future research.
Most importantly, our detection algorithm can be used as a first step in the automatic
detection of termite mounds over large areas using UAV-LS data. Once an extensive
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data set is obtained, covering hundreds of hectares, machine learning techniques can
be implemented using a similar approach where geometric features are calculated (e.g.,
eigenvalues, zenith angles, azimuth angles, etc.) for each point considering neighbouring
points in different radii. These sets can be used to train an algorithm to detect mounds,
since machine learning techniques currently are of sufficient quality to extract complicated
geometric figures from LiDAR data (e.g., to extract lianas from dense tropical forest [40]).
In addition, sensor fusion of LiDAR and spectral sensors might improve the classification
accuracy and is part of further research. Our algorithm can also be adopted for other
ecosystem applications, for example the detailed characterisation of microtopography.
5. Conclusions
Our detection algorithm demonstrates the semi-automated detection of termite mounds
from UAV-LS data. Eighty-one percent of the termite mounds >50 cm were detected for
the HR data set and 72% for the LR data set. For the HR, only exceptionally steep termite
mounds or those that were almost completely fused with tree stems were undetected.
Our detection algorithm can be a first step in the direction of the extensive detection of
termite mounds using UAV-LS, in which not only mere detection is possible, but also 3D
information is available, such as height and volume. Based on the need of the user, the
selected flight speed and resulting resolution are a trade-off between area and detectability.
The UAV-LS (HR) data set performed slightly better in the detection of mounds and could
estimate termite mound volume and height more accurately. We demonstrated that the
UAV-LS has the potential to provide the required data to do this, with more flexibility and
higher point density than ALS. Apart from other LiDAR sensor specific characteristics, the
choice between HR and LR flights eventually comes down to area vs. detectability.
UAV-LS termite mound detection algorithm: https://github.com/BarbaraDh/3DTerrain-
TermiteMounds.
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Abbreviations
The following abbreviations are used in this manuscript:
LiDAR Light detection and ranging




TLS Terrestrial laser scanning
ALS Aerial laser scanning
SfM Structure from Motion
NN Nearest neighbours
DTM Digital terrain model
DSM Digital surface model
CCC Concordance correlation coefficient
Appendix A
Figure A1. UAV-LS (LR) point cloud. The colour code represents the height above the terrain. The
lines represent the recorded flight lines of F1 (UAV-LS (HR)) and F2 (UAV-LS (LR)). Only sections of
the flight lines that were used in the registered point clouds are visualized.
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